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Abstract 
On the proteome level, somatic evolution in cancer is asymmetric, with several amino acids 
being irreversibly lost and the others gained across cancer types. However, though the gains and 
losses of amino acids are consistent in multiple cancer types, their magnitudes and prevalences 
differ. Here, we analyzed data on circa three million amino acid substitutions in the Catalogue of 
Somatic Mutations in Cancer (COSMIC) database to investigate profiles of gains and losses of 
amino acids in 23 human cancer types. We found characteristic differences in amino acid 
gain/loss profiles in the cancer types, with several of them demonstrating very specific profiles 
of proteome alterations associated with distinct endogenous or exogenous factors.  
 
.CC-BY-NC-ND 4.0 International licenseis made available under a
The copyright holder for this preprint (which was not peer-reviewed) is the author/funder. It. https://doi.org/10.1101/451310doi: bioRxiv preprint 
 2 
Introduction 
Cancer arises in somatic evolution in tissues when a cell acquires a sufficient number of 
“driver” mutations that promote its unrestrained proliferation, growth, dissemination and 
invasion. Yet, most mutations in the cancer cell are “passenger” mutations that accumulate 
during the cell’s lifetime in a buildup of DNA damage. Latest advances in comprehensive 
sequencing, the genome-wide association study approach and the worldwide effort in creation of 
large public cancer databases have granted significant progress in studies of mutational 
landscape in cancer. Recent profound analyses of nucleotide alteration signatures attributed 
mutational profiles to effects of external and internal deleterious factors in different cancer 
types.
1, 2
   
Nonsynonymous substitutions in the nucleotide sequence of a protein-coding part of a gene 
ultimately result in changes of the amino acid composition of the protein product of the gene, 
and consequently in changes of the structure and properties of the protein. However, though 
mutations in individual cancer driver proteins are broadly studied, few studies only have 
examined the global landscape of amino acid substitutions in cancer.
3,4
 We have recently shown, 
that somatic evolution in cancer consistently changes composition of the cancer cell proteome, 
where some amino acids permanently disappear from, and others are de novo introduced into 
proteins across multiple cancer types.
4
 We found, that Arg is by far the most prominent 
irreversible loss and His and Cys are the most substantial de novo gains in proteins in cancer, but 
other amino acids are also steadily lost or gained, thus making somatic evolution in cancer 
asymmetric. In the total cancer proteome, Ala, Asp, Glu, Gly, Pro and Ser universally disappear 
from the protein composition, while Phe, Ile, Lys, Leu, Met, Asn, Gln, Thr, Val, Trp, Tyr are 
almost constantly gained. However, the magnitudes of the amino acid gains/losses vary 
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extensively between cancer types, thus creating distinctive molecular profiles of their somatic 
evolution.  
In the present study, we analyzed profiles of mutation-induced alterations of the proteome 
composition in 23 human cancer types, using data on over three million amino acid substitutions 
in twenty-one thousand cancer samples from the Catalogue of Somatic Mutations in Cancer 
(COSMIC; v81) database.
5
 We show that in a majority of the cancer types, their tissue-specific 
somatic evolution introduces characteristic changes into composition of proteins. We found that 
within-cancer similarities of amino acid gains and losses in samples vary between the cancer 
types, with the most homogeneous profiles in skin, cervical and endometrial cancers, and most 
heterogeneous profiles in kidney, ovarian and bone cancers. We demonstrate that the cancer-
specific amino acid gain/loss signatures can be recognized with a machine learning algorithm in 
several cancer types.  
Materials and Methods 
We extracted information on nucleotide substitutions and resulting amino acid substitutions 
from the COSMIC (v81) database (http://cancer.sanger.ac.uk). The analysis of the data was 
performed in R version 3.3.1
6
 using RStudio version 0.99.893.
7
   
Results 
From the COSMIC v81 database,
5
 we extracted data on amino acid substitutions in proteins 
that arise from single nucleotide substitutions in the total of twenty-one thousand cancer samples. 
Missense and nonsense single nucleotide substitutions make a majority of the data in the 
COSMIC database, comprising about 93% of entries. Of these, nonsynonymous substitutions are 
75%. We analyzed data on over three million amino acid substitutions for 23 cancer types, for 
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which the number of tumor samples exceeds one hundred in the COSMIC database. The number 
of tumor samples ranged between 180 (cervical cancer) and 2807 (hematopoietic and lymphoid 
tissue cancers). The median number of the mutations in each tissue ranged from 9 (adrenal 
gland) to 216 (skin). We subtracted the number of lost amino acid residues from the number of 
introduced residues and thus obtained net numbers of gains/losses of amino acids. In this way, 
we calculated net gains/losses of amino acids for the cancer types in the analysis, all samples, 
and in some cases individual proteins in the samples. With the obtained net amino acid gain/loss 
data, we performed correlation analyses and hierarchical clustering analyses within individual 
cancer types. Besides, as different cancer types inherently have different mutation rates, we used 
percentages of the net gain/loss numbers of amino acids to the total number of the mutations in 
the cancer type for between-cancer type comparisons.  
In the total cancer proteome, consistent patterns of net gains/losses of all amino acids are 
observed (Figure 1, Figures S1-S5). While the changes are virtually unidirectional across the 
cancer types, with few exceptions, the ranges of the gains/losses are different in individual 
cancer types (Figures S6-S11). A number of cancer types demonstrate extremely high gains or 
losses of several amino acids thus suggesting presence of very specific profiles of proteome 
alterations. For instance, skin cancer shows exraordinarily high gains of Phe, Lys, Leu and Gln, 
while losing greatly more Pro or Gly than any other cancer type. Similarly, lung cancer acquires 
elevated quantities of Leu and predominantly loses Gly, though to a smaller extent than skin 
cancer. Cancers of cervix and urinary tract demonstrate high losses of Asp, Glu and Ser and 
simultaneous elevated gains of Lys. Interestingly, while most cancer types gain Phe, endometrial 
cancer loses it. Furthermore, endometrial cancer gains Ile and Tyr at a much higher rate than 
other cancers do. Notably, skin cancer is the only cancer type, where His, Met and Trp are lost 
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(Figure 2). In addition, upper aerodigestive tract cancers gain Gly and Pro, while all other cancer 
types lose the amino acids. Liver cancer gains higher percentage of Val compared to other cancer 
types. Figure 3 summarizes prevalences of rates of gains and losses of amino acids in each of the 
23 cancer types. 
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Figure 1. Mutation-induced changes of amino acid quantities in proteins in 23 major human 
cancer types as percentages of gains/losses of amino acids to the total number of the mutations in 
each cancer type. In this and the following graphs, amino acids are denoted with a one-letter 
code, and truncation is denoted as “*”; “UAT” denotes upper aerodigestive tract tumors. 
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Figure 2. Rates of gains/losses of amino acids in proteins in the 23 cancer types.  
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Figure 3. Rates of gains/losses of amino acids in proteins in each cancer type.  
Case studies of skin, cervical and endometrial cancers 
We analyzed gains/losses of amino acids on the level of individual proteins in cancers of skin, 
endometrium and cervix. For each cancer type, we calculated numbers of proteins that undergo 
net gains/losses of its five most frequently gained and most frequently lost amino acids (Figure 
4). For instance, the protein coded by the UBR4 gene gains Phe residues thirty times more often 
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than it loses them in all skin cancer samples combined, and is therefore counted as having gained 
Phe. In this way, we evaluate the scope of the proteome alterations in each of the three cancer 
types. In individual tumor samples, the numbers of proteins that undergo net changes of their 
amino acid composition depend on the severity of the tumor mutation load.   
 
Figure 4. A. Numbers of proteins with gains of five most gained amino acids and with losses of 
five most lost amino acids in cancers of skin, cervix and endometrium. B. Numbers of proteins 
with gains of five most gained amino acids and with losses of five most lost amino acids in most 
mutated samples of skin cancer. C. Gains/losses of amino acids in POLE/POLD1-mutated and 
POLE/POLD1-competent tumors in endometrial cancer as percentages of the gains/losses of 
amino acids to the total number of mutations in the cancer subtypes.  
A. Skin cancer. Of 966 samples of skin tumors in the database, 87.2% is malignant melanoma. 
For skin tumors, the percentage of the AT pair transformations in coding mutations is much 
smaller than that in samples from all cancer types combined, 9.8% in skin cancers vs 22.6% in 
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the total COSMIC database, and second smallest of the 23 cancer types. It is consistent with 
prevalence of C>T mutations in skin cancers caused by ultraviolet-induced formation of 
pyrimidine dimers in DNA. In the proteome of skin cancer, gains of Phe, Lys, Leu, Ile and Asn 
and losses of Gly, Pro, His, Met and Trp are observed in a substantial portion of cell proteins 
(Figure 4A). For instance, Phe is de novo introduced in fifteen times more individual proteins 
than it is lost (Table S1) thus indicating the high tendency of skin cancer proteins to avidly gain 
the amino acid. Similarly, the number of proteins that irreversibly lose Gly is twelve times bigger 
than the number of those that de novo gain it. In skin cancer, proteins most affected by the gains 
and losses were predominantly those heavily mutated in many cancer types, such as the proteins 
coded by the genes TTN, MUC16, PCLO, CSMD etc. (Table S1). The proteins are often 
extremely large or coded for by late replicating genes.
2
 Several known cancer suppressor and 
oncogenic proteins demonstrate high numbers of gains/losses of some amino acids but not of 
others. For instance, the protein coded by the TP53 gene comes in top ten of the proteins that 
lose Pro and His, but not Gly, Met or Trp. His is also actively lost in the group of zinc finger 
proteins that account for 6.3% of all proteins losing His vs 2.8% of proteins losing Pro. 
Interestingly, the p53 protein gains Trp against the prevalent tendency of losing the amino acid in 
skin cancer (Table S1). In highly mutated skin tumors, the gains and losses can potentially affect 
considerable numbers of individual proteins (Figure 4B). Arguably, such tumors cannot forgo 
synthesis of all the affected proteins and may have an increased demand for constant supply of 
some amino acids compared to normal tissue. 
The predominant gains of the three hydrophobic acids Phe, Leu and Ile by the proteome of 
skin cancer may increase its hydrophobicity, as a concomitant loss of hydrophobic Trp and Met 
is much smaller. Furthermore, the proteome of skin cancer may become more basic due to a 
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substantial gain of Lys. While His also has a basic side chain, its pKa is much smaller, being 
6.04 vs 10.54 in Lys. Moreover, the loss of His is smaller than the gain of Lys in skin cancer.  
B. Endometrial cancer. Of 273 endometrial cancer samples in the COSMIC database, 90.8% of 
tumors is defined as endometroid carcinoma, and 8.4% as serous carcinoma. There were two 
distinct subsets of tumors in the data on endometrium cancer. 37 samples contained mutations in 
POLE and POLD1 genes coding for DNA polymerases Pol δ and Pol ε that are essential for 
faithful replication of DNA. The mutations are known to to cause proofreading errors and thus 
hypermutator phenotype.
8
 Indeed, the median number of mutations in the POLE/POLD1-
mutated samples was 1515, and the data on the samples comprised 76.3% of the analyzed data 
for endometrial cancer. The median number of mutations in tumors with intact POLE and 
POLD1 genes was 84. The two types demonstrated differences in their amino acid gain/loss 
profiles. The five most gained amino acids in POLE/POLD1-mutated tumors were Ile, His, Asn, 
Cys and Tyr. In POLE/POLD1-competent tumors, the five most gained amino acids were His, 
Cys, Met, Ile and Trp, while there was almost no gain of Tyr (Figure 4C). More truncation 
events and much bigger loss of Arg are also observed in POLE/POLD1-mutated tumors than in 
any other cancer type in the study, with more than 20% of coding mutations in samples of the 
cancer type being losses of Arg (Figure 4C). Gains of the five most gained amino acids Ile, His, 
Asn, Cys and Tyr affect similar numbers of proteins, while the number of proteins losing Arg is 
considerably higher than of those losing Glu, Ala, Ser and Gly in POLE/POLD1-mutated tumors 
(Figure 4A). Both POLE/POLD1-mutated and POLE/POLD1-competent tumors demonstrate 
high losses of Arg and substantial gains of Cys and His.  
The alterations are consistent with the most prevalent substitutions of Arg being those by Cys, 
His, Gln, Trp and truncations.
3,4
 The exceptionally high irreversible loss of Arg is associated 
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with the codons for the amino acid that contain the CG sequence in their composition.
4
 The 
codons are most likely affected by spontaneous deamination of methylated cytosines in CpG 
sequences
9
 that is observed in many cancer types of epithelial origin with high cell turnover.
10
 
All samples of endometrial cancer were used to calculate numbers of proteins that undergo 
gains/losses of its most frequently gained and frequently lost amino acids. The tumor suppressor 
proteins p53 (28.9% tumor samples contain at least one mutation in the gene coding for the 
protein) and FBXW7 (17.6% samples) demonstrate extraordinarily frequent losses of Arg with 
simultaneous gains of Cys residues. Loss of Arg is an important alteration in the p53 protein 
where the amino acid residues participate in interactions with DNA, and it thus has an 
exceptionally high ratio of events of irreversible loss of Arg to the number of Arg residues in its 
molecule in cancer mutations.
4
 However, in skin cancer (16% samples) p53 is less affected by 
the loss of Arg, than in endometrial cancer. Loss of Arg constitutes 29% of mutations in p53 in 
skin cancer, vs 38.4% of that in endometrial cancer (chi-squared = 391.7; p < 2.2 × 10−16; 
Cramer’s V = 0.31). The finding may indicate that the amino acid gain/loss profile in mutations 
may have an effect on emergence of a cancer-driving mutated gene. It has been shown that 
mutation spectra of driver genes in cancer show high similarity to the tissue-specific adult stem 
cell mutation spectra.
11
 The PIK3CA protein (49.1% samples) most frequently loses Glu in 
positions 542 and 545, and the KRAS protein (20.9% samples) demonstrates high losses of Gly 
because of the gain-of-function mutation where Gly residues in positions 12 and 13 are replaced 
with another amino acid, comprising 0.4% and 0.9% of all losses of Glu and Gly, respectively. 
Interestingly, despite the tendency of proteins in endometrial cancer to lose Ala irreversibly, the 
giant protein titin coded for by the gene TTN, does not lose the amino acid at all. Titin is mutated 
in 107 samples in the endometrial cancer data. The protein tops the list of proteins losing Arg, 
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Glu, Ser, and only comes second to the KRAS protein in losing Gly, but does not show loss of 
Ala. The amino acid composition of titin contains similar numbers of Gly and Ala, and the 
numbers of proteins that lose them are comparable within the cancer type.  
C. Cervical cancer. 178 of 180 samples of cervical cancer in the COSMIC database are defined 
as squamous cell carcinoma. Cervical cancer shows a remarkable preference for transformations 
of the GC nucleotide pair. The percentage of the AT nucleotide pair transformations is 8.1% that 
is the lowest value among all the cancer types. Cervical cancer is caused in almost all cases by 
human papillomavirus,
12
  and frequent mutations that change C to T or C to G are associated 
with activity of APOBEC family of cytidine deaminases that are innate immunity enzymes 
attacking retroviruses.
13
 Glu, Arg, Asp, Gly and Pro are five amino acid residues that are most 
frequently irreversibly lost in somatic evolution of cervical cancer. Lys, Asn, Gln, His and Cys 
are five most frequently gained amino acid residues. Similarly to endometrial cancer, the tumor 
suppressor protein FBXW7 (10% of samples are affected by at least one amino acid substitution 
in the protein) loses Arg and gains Cys, the PIK3CA protein (28.3% samples) loses Glu and 
gains Lys, and the KRAS protein (5.6% samples) loses Gly. 
Correlation analyses and hierarchical clustering analyses within 23 cancer types 
We performed correlation analyses and hierarchical clustering analyses of net amino acid 
gains/losses for each tissue. Supposedly, Pearson correlation coefficients r that are close to |1| 
indicate that respective amino acids are constantly gained/lost together or either one of the amino 
acids is lost and the other is gained at equal rates in most samples in the cancer type. 
Consistently high correlation coefficients of gains and losses of amino acids in a cancer type 
indicate presence of a uniform amino acid gain/loss signature caused by a same mutational 
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process in majority of tumor samples, while low values of r show heterogeneity of tumor 
samples and presence of a wider variety of underlying molecular processes. We calculated sums 
of positive and negative correlation coefficients in correlation matrices for each cancer type. The 
obtained amino acid gain/loss correlation scores may serve as indices of consistency of a 
molecular signature throughout a cancer type (Figure 5). Figure 6 shows correlation matrices for 
cancers of skin and kidney that have highest and lowest correlation scores, respectively. For skin 
tumors, a majority of r values is either bigger than 0.9 or smaller than -0.9. For instance, a 
change in number of Phe residues is strongly positively correlated to that of Lys, Leu and the 
total number of mutations (r=0.98), and strongly negatively correlated to that of Pro (r=-0.99). 
Interestingly, Pro is not directly substituted by Phe but continually substituted with Ser and Leu. 
In turn, Phe most frequently arises in place of Ser. The only weak association is that of a change 
in number of Thr residues with those of all other amino acids. Consistently, the gained and lost 
amino acids in skin cancer are grouped in very distinct clusters, with minimal distances between 
amino acids within each cluster and Thr solely separated from other amino acids (Figure 5). To 
the contrary, the amino acid gain/loss correlation matrix of kidney cancer demonstrates absence 
of strong associations, with the highest r value of 0.72 for the correlation between the total 
number of mutations and number of truncation events. Concurrently, big distances between 
amino acids in the cluster analysis diagram show inconsistencies of their associations. Though 
60% of kidney tumor samples in the COSMIC database are classified as clear cell carcinomas, 
the operating mutational processes are probably very diverse and lead to different amino acid 
gain/loss outcomes in each case. The cancer types with next highest amino acid gain/loss 
correlation scores are those of endometrium, cervix, liver and large intestine (Table S2 
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summarizes correlation matrices for all the cancer types), while the cancer types with lowest 
correlation scores are those of autonomic ganglia, ovary, bone and central nervous system.  
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Figure 5. Hierarchical clustering diagrams of amino acid gains/losses in 23 cancer types. The 
numbers in the right upper corner of each diagram denote the positive correlation score, negative 
correlation score and number of samples of the cancer type in the COSMIC v81 database, 
respectively. 
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* 0,717159 -0,27696 0,262035 -0,07789 -0,42673 0,086158 -0,25938 0,21729 0,05993 0,019116 0,049446 0,142041 0,138657 -0,25615 -0,11483 -0,40884 -0,08491 0,189829 0,130029 0,001096 -0,04888 1
skin
Total A C D E F G H I K L M N P Q R S T V W Y *
Total 1 -0,89949 0,945112 -0,96944 -0,94534 0,9821 -0,98485 -0,89099 0,959981 0,972086 0,969555 -0,85463 0,977434 -0,98638 0,719791 -0,91932 -0,49408 -0,05301 0,728542 -0,72868 0,946813 0,988949
A -0,89949 1 -0,88125 0,853311 0,864303 -0,9046 0,89771 0,821929 -0,91773 -0,90606 -0,88604 0,782089 -0,91153 0,897307 -0,65621 0,879763 0,429707 0,129342 -0,68794 0,640581 -0,85022 -0,87951
C 0,945112 -0,88125 1 -0,94074 -0,9638 0,951722 -0,917 -0,92038 0,920321 0,968924 0,945126 -0,91645 0,94647 -0,93374 0,819651 -0,97885 -0,61443 -0,05026 0,778954 -0,64862 0,947661 0,921973
D -0,96944 0,853311 -0,94074 1 0,942671 -0,95858 0,951798 0,908 -0,9297 -0,96476 -0,95203 0,888581 -0,9809 0,952918 -0,7658 0,927166 0,547804 0,067085 -0,73598 0,700509 -0,95048 -0,96188
E -0,94534 0,864303 -0,9638 0,942671 1 -0,94584 0,906252 0,90971 -0,91673 -0,97556 -0,93543 0,904161 -0,94842 0,926814 -0,8221 0,955365 0,632557 0,019862 -0,77068 0,625567 -0,9463 -0,92007
F 0,9821 -0,9046 0,951722 -0,95858 -0,94584 1 -0,97232 -0,91976 0,946686 0,978965 0,978363 -0,87793 0,968082 -0,98778 0,731548 -0,93436 -0,54872 -0,11838 0,747844 -0,71237 0,95662 0,972262
G -0,98485 0,89771 -0,917 0,951798 0,906252 -0,97232 1 0,884845 -0,96008 -0,96287 -0,97075 0,836815 -0,96798 0,98634 -0,70564 0,893888 0,408369 0,159466 -0,67218 0,753368 -0,92872 -0,97954
H -0,89099 0,821929 -0,92038 0,908 0,90971 -0,91976 0,884845 1 -0,89244 -0,9389 -0,92192 0,913049 -0,91612 0,89529 -0,7823 0,918019 0,600903 0,191479 -0,68433 0,657855 -0,95567 -0,87405
I 0,959981 -0,91773 0,920321 -0,9297 -0,91673 0,946686 -0,96008 -0,89244 1 0,955988 0,94425 -0,85857 0,963312 -0,95132 0,714025 -0,91091 -0,45542 -0,1967 0,622166 -0,73714 0,928207 0,944783
K 0,972086 -0,90606 0,968924 -0,96476 -0,97556 0,978965 -0,96287 -0,9389 0,955988 1 0,977186 -0,91659 0,976193 -0,96952 0,806624 -0,96699 -0,55424 -0,14607 0,727927 -0,68856 0,961581 0,954756
L 0,969555 -0,88604 0,945126 -0,95203 -0,93543 0,978363 -0,97075 -0,92192 0,94425 0,977186 1 -0,88567 0,960479 -0,98548 0,761559 -0,93643 -0,51212 -0,18446 0,711936 -0,71321 0,950016 0,96351
M -0,85463 0,782089 -0,91645 0,888581 0,904161 -0,87793 0,836815 0,913049 -0,85857 -0,91659 -0,88567 1 -0,87769 0,851172 -0,8162 0,923375 0,611296 0,088832 -0,73317 0,599435 -0,89509 -0,83733
N 0,977434 -0,91153 0,94647 -0,9809 -0,94842 0,968082 -0,96798 -0,91612 0,963312 0,976193 0,960479 -0,87769 1 -0,96355 0,756098 -0,93511 -0,53423 -0,11431 0,713346 -0,72315 0,949308 0,964597
P -0,98638 0,897307 -0,93374 0,952918 0,926814 -0,98778 0,98634 0,89529 -0,95132 -0,96952 -0,98548 0,851172 -0,96355 1 -0,71249 0,910403 0,445711 0,13564 -0,71754 0,733585 -0,94145 -0,97962
Q 0,719791 -0,65621 0,819651 -0,7658 -0,8221 0,731548 -0,70564 -0,7823 0,714025 0,806624 0,761559 -0,8162 0,756098 -0,71249 1 -0,85415 -0,54725 -0,11265 0,604534 -0,43484 0,776557 0,672381
R -0,91932 0,879763 -0,97885 0,927166 0,955365 -0,93436 0,893888 0,918019 -0,91091 -0,96699 -0,93643 0,923375 -0,93511 0,910403 -0,85415 1 0,622044 0,118823 -0,74351 0,593006 -0,94014 -0,89927
S -0,49408 0,429707 -0,61443 0,547804 0,632557 -0,54872 0,408369 0,600903 -0,45542 -0,55424 -0,51212 0,611296 -0,53423 0,445711 -0,54725 0,622044 1 -0,17656 -0,61649 0,217519 -0,6107 -0,47273
T -0,05301 0,129342 -0,05026 0,067085 0,019862 -0,11838 0,159466 0,191479 -0,1967 -0,14607 -0,18446 0,088832 -0,11431 0,13564 -0,11265 0,118823 -0,17656 1 0,222651 0,191137 -0,11843 -0,07567
V 0,728542 -0,68794 0,778954 -0,73598 -0,77068 0,747844 -0,67218 -0,68433 0,622166 0,727927 0,711936 -0,73317 0,713346 -0,71754 0,604534 -0,74351 -0,61649 0,222651 1 -0,40275 0,735723 0,711096
W -0,72868 0,640581 -0,64862 0,700509 0,625567 -0,71237 0,753368 0,657855 -0,73714 -0,68856 -0,71321 0,599435 -0,72315 0,733585 -0,43484 0,593006 0,217519 0,191137 -0,40275 1 -0,66313 -0,76292
Y 0,946813 -0,85022 0,947661 -0,95048 -0,9463 0,95662 -0,92872 -0,95567 0,928207 0,961581 0,950016 -0,89509 0,949308 -0,94145 0,776557 -0,94014 -0,6107 -0,11843 0,735723 -0,66313 1 0,933632
* 0,988949 -0,87951 0,921973 -0,96188 -0,92007 0,972262 -0,97954 -0,87405 0,944783 0,954756 0,96351 -0,83733 0,964597 -0,97962 0,672381 -0,89927 -0,47273 -0,07567 0,711096 -0,76292 0,933632 1 
Figure 6. Amino acid gain/loss correlation matrices for cancers of kidney and skin. “Total” 
denotes the total number of mutations in the tissue. 
Machine learning analysis 
We divided data on each cancer type into quartiles based on the number of mutations in tumor 
samples. For the quartiles of most heavily mutated samples in each cancer type, we performed a 
machine learning (ML) analysis of gains/losses of amino acids using the K-nearest neighbor 
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method. We found that the ML analysis could indeed distinguish among different cancer types 
from their amino acid gain/loss profiles, albeit with unequal sensitivity. Skin, large intestine and 
lung cancers were the most accurately classified tissue types (Figure 7), with as much as 95% 
cases of skin cancer being correctly attributed. We suggest that the accuracy of the classification 
depends on the prominence and homogeneity of the cancer type-specific signature, number of 
analyzed tissue samples, and median number of mutations in the cancer type. For instance, skin 
cancer has a very distinct signature, uniformity of amino acid gains/losses throughout the 
samples, the highest median number of mutations of all cancer types, and a substantial though 
not the biggest number of samples in the database. Alhough amino acid gain/loss signatures of 
lung and large intestine cancers seem to be less divergent from those in other tissues than that of 
skin cancer (Figure 2), the cancer types are detected with 83% and 64% accuracy, respectively. 
The both cancer types are represented with high numbers of samples in the database, mostly have 
many mutations per sample and high amino acid gain/loss correlation scores (Figure 5). 
However, cancers of the central nervous system and those of hematopoietic and lymphoid tissue 
are reasonably well detected with the ML (56% and 58% accuracy, respectively) despite low 
median numbers of mutations and low to medium correlation scores. Interestingly, only 23% 
cases of breast cancer were correctly attributed despite its having the second biggest number of 
cases in the database and moderately high amino acid gain/loss correlation score. Accuracy of 
detection of breast cancer is thus smaller than that of cervical cancer with a tenfold smaller 
number of samples. The finding may indicate heterogeneity of breast cancer types due to a 
bigger variety of underlying molecular processes compared to those of skin or lung cancers. 
Remarkably, the ML model failed to detect soft tissue, biliary tract, bone and ovarian cancers. 
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Figure 7. Sensitivity of detection of the 23 cancer types with their amino acid gain/loss data in 
the quartiles of most mutated samples with a machine learning algorithm.  
Associations of cancer types according to their amino acid gain/loss profiles  
We analyzed associations of cancer types according to their amino acid gain/loss profiles 
(Figure 8). We found, that prostate cancer clusters most closely with pancreatic cancer, followed 
by cancers of central nervous system and blood. Cancer of autonomic ganglia clusters very 
closely with that of adrenal gland. Similarly, stomach and large intestine cancers cluster together. 
Unexpectedly, bone tissue cancer clusters tightly with that of biliary tract. The finding may be 
attributed to the small sample numbers of the cancer types in the database. The similarity of 
amino acid gain/loss profiles of cancers of cervix and urinary tract may be due to human 
papillomavirus being also active in urinary tract cancer
14
 and therefore introducing a similar 
nucleotide transformation signature.
2
 Breast and skin cancers are grouped in the cluster with 
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cervical and urinary tract cancers. However, the distance between skin cancer and other cancer 
types in the cluster is high. Skin cancer is different from all the other tissue types in terms of high 
loss of proline and glycine. Furthermore, it is the only cancer type that simultaneously loses His, 
Met and Trp.  
  
Figure 8. Heatmap of amino acid gain/loss profiles in 23 cancer types. 
Discussion 
Cancer is associated with accumulation of mutations. During an organism’s lifetime, its DNA 
is constantly subjected to exogenous and endogenous damaging agents, with single nucleotide 
substitutions being the most common type of damage. Coding single nucleotide substitutions 
ultimately cause replacements of amino acids in protein sequences or, in case of transformations 
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into stop codons, truncation events. We have shown that the net outcome of single nucleotide 
substitutions across multiple cancer types is a change of amino acid frequencies in the 
composition of proteins that makes the somatic evolution in cancer asymmetric and not in 
equilibrium.
4
 Six amino acids (Ala, Asp, Gln, Gly, Ser, and Arg) are irreversibly lost and the rest 
of amino acids are gained in a majority of cancer types. Largely, the somatic evolution in cancer 
shows prominent similarities with evolution of the proteome that accompanies increasing 
complexity of organisms.
15
 In the both processes, Pro, Ala, Gly and Glu are consistently lost, and 
Cys, Met, His and Phe are strongly accrued. Strikingly, while Arg did not show a universal trend 
either to be gained or lost in phylogenetic evolution,
15
 it is the most prominent irreversible loss in 
somatic evolution in cancer. We have shown that the unusual loss of Arg is associated with 
substitutions in the four codons out of the six coding for the amino acid that contain CG 
sequence in their composition. The extraordinary targeting of the CG sequence-containing 
codons for Arg is conceivably explained by spontaneous deamination of methylated cytosines in 
CpG sequences,
7
 as the CG sequence-containing codons for Ala, Pro, Thr and Ser also 
demonstrate moderately elevated mutation rates.
4
 DNA methylation is an epigenetic 
modification that increases with age
16
 and is believed to play a role in cancer.
17
 Presumably, loss 
of Arg is counteracted with a strong pressure of negative selection in phylogenetic evolution, 
while negative selection is largely absent for coding substitutions in cancer.
18
 Conversely, as 
evolution of species proceeds through germ cells originating from young organisms, fewer 
methylation sites may be present in them, and therefore fewer deamination events. However, the 
preponderance of irreversible loss of Arg in cancer deserves further analysis. Additionally, there 
are a number of other differences between somatic evolution in cancer and phylogenetic 
evolution. While Ser is reported to be vigorously gained in phylogenetic evolution, it is mostly 
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lost in mutagenesis in cancer, with several tissues demonstrating very high losses of the amino 
acid (Figure 1). Furthermore, Lys is weakly lost in evolution of species, but predominantly 
gained in somatic evolution in cancer, mostly in the E>K substitution. Tyr and Trp accumulate in 
proteins in most cancer types, with few exceptions, but were not shown to accumulate 
consistently in evolution of species despite being evolutionary young amino acids.
15
  
While the general tendencies of the asymmetric gains and losses of amino acids are largely 
consistent across 23 human cancer types in our analysis, their scopes vary significantly due to 
differences in mutational processes among the cancer types. Each type of either DNA damage or 
deficient DNA repair or replicative component has its own predilection for specific nucleotides, 
which can produce recognizable patterns of mutagenesis.
1,2,19
 The mutational signatures of a 
tumor may provide information on routes and mechanisms leading to cancer in each cancer 
type.
20
 We show here that at least several specific patterns of nucleotide alterations produce 
distinct amino acid gain/loss profiles in some cancer types, where gains and losses of some but 
not other amino acids cause marked changes in the proteome composition (Figure 3).  
Furthermore, our analysis reveals the extent of similarity of amino acid gain/loss profiles in 
samples within a same cancer type. Those cancers that are predominantly associated with 
environmental exposures demonstrate considerably more homogeneity between samples, as seen 
from their higher correlation scores of amino acid gains and losses. For instance, the damage to 
DNA caused by ultraviolet light ensures virtually identical changes in amino acid composition in 
proteins of all skin cancer samples in the COSMIC database. Similarly, activities of the 
APOBEC family of cytidine deaminases in counteracting human papillomavirus load cause 
largely uniform amino acid alterations in the majority of cervical cancer samples. Likewise, 
mutational processes in cancers of liver and large intestine that show high correlation scores in 
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our analysis are at least partly attributed to deleterious effects of external factors. High 
correlation scores in endometrial cancer may be expained by mutations in POLE and POLD1 
genes coding for DNA polymerases Pol δ and Pol ε in a few hypermutated tumor samples. The 
analysis suggests that the more complex assortment of mutational processes in some cancer types 
leads to weaker correlations of gains and losses of amino acids. The least amino acid gain/loss 
homogeneity was found in cancers of kidney, autonomic ganglia, ovary, bone or central nervous 
system. However, with mutation data on large numbers of samples it may be possible to cluster 
tumors within the cancer types according to their amino acid gain/loss profiles and potentially 
obtain information about underlying mutational processes. A machine learning algorithm using 
amino acid gain/loss signatures of the cancer types was able to attribute some cancer types more 
accurately than others, with skin cancer being the topmost correctly assigned. We suppose that a 
combination of the distinctivity of the amino acid gain/loss signature of a cancer type and/or its 
homogeneity in the available samples, the median number of mutations and the number of 
samples in the database influenced the ability of the algorithm to recognize cancer types. 
While it takes a small number of driver mutations to cause and sustain cancer, the 
accompanying passenger mutations if present in high numbers may result in distinct changes of 
the composition of the proteome in different cancer types and therefore elevated metabolic 
demands for some of de novo gained amino acids. Furthermore, though not selected specifically 
for individual proteins or residue sites, some of changes may increase fitness of the cancer cell. 
The almost universal de novo introduction of Cys and His residues into the proteins may 
strengthen their antioxidant and metal-binding capacities. Recent data indicate that introduction 
of His residues in place of Arg in proteins in cancer confers an ability of pH sensing not seen 
with wild-type proteins.
21
 Also, the asymmetric gains and losses of chemically different amino 
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acids may change chemical properties of the proteome. For instance, the gains of the three 
hydrophobic acids Phe, Leu and Ile may confer greater hydrophobicity to proteins in skin cancer, 
but for many cancer types actual shifts in proteome properties probably depend on the numbes of 
copies of affected protein molecules, as both acidic residues of Asp and Glu and basic residues 
of Arg are lost simultaneously. Finally, investigation of proteome alterations may contribute to 
the expanding realm of knowledge of underlying mutational processes in cancer. 
The present analysis of amino acid gains and losses in proteins in cancer is solely based on the 
data on single nucleotide substitutions. The tendencies of gains and losses of amino acids may be 
more pronounced when affected proteins are present in high numbers in the cancer cell, or less 
prominent when mutation-carrying proteins have insufficient stability or are low expressed. 
Experimental analyses are needed to evaluate the actual effect of the mutation-induced gains and 
losses of amino acids on the composition of cellular proteins in cancer. Similarly, as many 
mutational processes are also operative in noncancerous tissue, it would be informative to 
determine to what extent the amino acid gain/loss tendencies effect composition of proteins in 
normal tissue.  
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